Background: Adherence and CD4 cell count change measure the progression of the disease in HIV patients after the commencement of HAART. Lack of information about associated factors on adherence to HAART and CD4 cell count reduction is a challenge for the improvement of cells in HIV positive adults. The main objective of adopting joint modeling was to compare separate and joint models of longitudinal repeated measures in identifying long-term predictors of the two longitudinal outcomes: CD4 cell count and adherence to HAART.
Background
Sub-Saharan Africa has the most serious HIV and AIDs epidemic in the world. In 2013, approximately 24.7 million people were living with HIV, accounting for 71% of the global total. In the same year, there were around 1.5 million new HIV infections and 1.1 million AIDs-related deaths. The 2013 report indicates that, in sub-Saharan African countries, the prevalence rate among both female and male sex workers was still high (13%) [1] . Ethiopia, as one of these countries has been affected by the epidemic with a prevalence of 1.5% [2] . Its burden has been high in the Amhara Region, including the catchment area of Felege Hiwot Teaching and Specialized Hospital [3] . Because of its large population size, the Amhara region has the largest Prevalence of human immunodeficiency virus [3] . Although the HIV prevalence shows a decreasing rate, still it bears a significant proportion of the epidemic burden as compared to the national and worldwide encumbrance [4] . HIV affects the CD4 cell count in the human body, so it can be employed to make appropriate decisions for the initiation of HAART and proper management of the progression of the infection [5, 6] . Patients' CD4 cell count should recover/ rebound/at least to the lower limit of the CD4 cell count for the general healthy adult population (500 cells/mm 3 ), which, otherwise, can be an indication of immunologic failure [7] .
In addition to HIV, there are also other factors affecting CD4 cell count changes. Some of these are demographic variables such as age (older ages are predictors of lower count response to HAART) [7, 8] , sex (females experience better CD4 count response to HAART compared to males) [9, 10] , and residence area (rural patients who start ART with a deteriorated CD4 cell count at the initiation of HAART poorly respond to HAART [11] . Previous studies also indicate that WHO's clinical stage is an independent predictor of CD4 cell count at enrolment [12] . Other investigators state that there is a positive association between baseline CD4 cell count and its size after initiation of treatment [13, 14] ; however, this result was inconsistent with the result of other studies [8] . Identifying factors which influence the level of CD4 cell count other than HAART helps health professionals and patients to facilitate proper management and monitoring of health care interventions to be effective. Moreover, it helps check whether or not HIV patients who initiate HAART with baseline CD4 cell count ≤200 cells/mm 3 recover to the normal range of CD4 cell count after commencement of HAART [7] .
On the other hand, the principal factors associated with non-adherence appear to be patient-related factors including substance and alcohol abuse [15] . However, other factors such as inconvenient dosing frequency, dietary restrictions, pill burden and side-effects, poor patientcare service provider relationships and poor care service provision may also contribute to the failure of adherence [16] . Another study disclosed that different factors such as sex, residence area, and ownership of cell phone contributed to patents' irregular use of medications [17] . Another investigation indicated that patients' current substance use concerning HAART, their beliefs about the necessity of HAART, and their trust in the HIV care provider are determinants for their non-adherence [18] .
In HAART treatment, the number of CD4 cell count and adherence to HAART are measured repeatedly over time [15] . Patients' improvement of adherence to HAART provides progression of CD4 cell count in the blood of HIV patients; and this increment of CD4 cell count at every visiting time encourages the patient to be a good adherent to HAART [19] . Hence, the above findings indicated that there are discrepancies among the findings of different studies. This discrepancy of findings suggests that identifying and overcoming the factors that reduce adherence to antiretroviral agents is of utmost importance for prolonged CD4 cell count progression and viral load suppression [15] .
A number of key issues are raised in the study of adherence to antiretroviral therapy and CD4 cell count change, determinants that affect jointly, and the development of interventions. Addressing these issues may provide valuable information about which patients are most at risk for non-adherence and about how adherence can be improved. It is well known that non-adherence in the treatment of HIV compromises the effectiveness of therapy or progression of CD4 cell count change [20] .
In many practical situations, we observed two or more longitudinal outcomes that need joint modeling of the response variables to identify predictors that affected jointly. Joint models are used to describe the joint behavior of the two response variables simultaneously. These responses may have varied characteristics; that is, they might be binary, ordinal or continuous in nature.
Many previous studies had employed joint models of longitudinal outcomes and time to event [21] [22] [23] [24] . Many of these methods were used for the joint modeling of change. The intervention may be important for pre-treatment counseling and awareness creation. The study also identified a group of patients who were with maximum risk of CD4 cell count change. It is suggested that this group of patients needs high intervention for counseling. Keywords: HAART, Multivariate longitudinal data, Joint model, Adherence, CD4 cell count change longitudinal data and survival process outcomes, which have typically allowed a univariate outcome and a solitary event time. These studies did not consider two longitudinal values observed repeatedly from the same subject and lacked multivariate analysis of two repeatedly observed results. Joint modeling between two longitudinal outcome variables has advantages in reducing type I error rates in multiple tests with repeated observation on the same subject and improves efficiency in estimating parameters [25] . Thus, the current study was conducted with the objective of reviewing Generalized Linear Mixed Model (GLMM) approach that can be extended for multivariate longitudinal data by assuming separate random effect on each outcome variable, and then combining them by imposing a joint multivariate distribution on the random effect. This approach has an advantage of having additional correlation emerging from the longitudinal data structure that can be modeled with the same frame-work, and compare the separate and joint models with respect to parameter estimation in longitudinal data analysis. To the best of our knowledge, no other study has been conducted to assess factors affecting jointly these two longitudinal inter-related outcomes (CD4 cell count & adherence to HAART) around the study area.
Methods and data analysis

Study design
A retrospective cohort study was conducted to assess joint predictors of CD4 cell count change and adherence to HAART among adult HAART users enrolled in the first 10 months of 2008 and followed-up to June 2012. Joint modeling between count and ordinal responses was conducted.
Study area and population
The study was conducted at Felege-Hiwot Teaching and Specialized Hospital located in North-western Ethiopia, Amhara Region. The population of the study included HIV positive adults who initiated HAART treatment at Felege-Hiwot Teaching and Specialized Hospital.
Sample size and sampling procedure
From the total HIV positive adults who started HAART in the hospital from September 2008 to June 2012, 792 were selected using residence-based stratified random sampling technique. Patients with a minimum of 2 visits and a maximum of 23 visits were included in the study.
Data collection procedures
The study exclusively used secondary data. Therefore, a data extraction check-list was designed and used to adopt the routinely collected data. A baseline CD4 cell count data was identified and collected from the registration documents of HAART attendants. The first month adherence was also considered as covariate for longitudinal joint study. Similarly, other characteristics like sociodemographic variables, visiting times and clinical data were also collected from the registration documents of patients. The data were collected by health care service providers after they had been given adequate orientation about the variables included in the study.
Data structure, compilation and analysis strategy
Secondary data were entered and analyzed using SAS version 9.2 software. For the sample to be included in the study, CD4 cell count measurement just before the initiation of HAART was considered as a covariate so that there could be at least two visit responses after the initiation of HAART for analysis.
Quality of data
The quality of the data was controlled by data controllers from ART section of the hospital. The controllers were taken intensive training by the Ministry of Health for different services. The data extraction tools and the variables included in the study were tested for consistency of understanding and the completeness of the data items on 45 random samples. Necessary amendments were made on the final data collection sheet.
Variables included in the study
The longitudinal response variables for current study were CD4 cell count change and adherence to HAART. The two response variables are different in nature. CD4 cell count change is defined as the difference between CD4 cells/mm 3 in the current visiting time and CD4 cells/mm 3 in visiting times immediately prior to the current response. Hence, Y ij − Y ij−1 , where y ij is CD4 cell count result for the current visit and Y ij−1 is the CD4 cell count for the visit immediately prior to current visit which is discrete or count response. On the other hand, the adherence data obtained from the hospital is categorized as poor, fair and good adherence which is ordinal in nature, and measured with pills count. A patient is poor adherent if his/her performance is less than 85% of the prescribed medication; and he/she is a fair adherent if his/her performance is between 85 and 95% of the prescribed medication. If a patient's adherence performance is at least 95% of the prescribed medication, such patient is categorized as a good adherent. The trend of adherence to HAART was tested using Cochran-Armitage test.
On the other hand, the predictor variables for the two responses were age in years, sex (male, female), marital status (living with partner, living without partner), ownership of cell phone (yes, no), weight in kilogram, baseline CD4 cell count in cells/mm 3 , disclosure of the disease to families (yes, no), residence area (rural, urban),WHO stages (stage I, stage II, stage III, stage IV), level of income (low, middle, high) visiting times (1, 2,…, 23) and first month adherence to HAART (poor, fair, good).
The impact of dropouts on the analysis
Patients who defaulted from HAART treatment will develop drug resistant virus and ultimately results in treatment failure and high risk of illness and death because of destruction of CD4 cell count by HIV. Nonadherence, therefore, reduces CD4 cell count; and this demands joint attention to maximally benefit from HAART. A logistic regression was conducted to assess whether or not missing values were affected by previous results; and this indicated that dropouts were independent of the previous outcomes (χ 2 1 = 0.2018, p = 0.654). Dropout patients did not have reasons attributable to their progression rate of their previous visits; therefore dropout trend was Missed Completely at Random (MCAR). The trend of missing observation was assessed using a logistic regression model. Missing data were handled using multiple imputation technique.
A Chi square test of association and independent sampled t test were used for the comparison of baseline characteristics that will be included and excluded in the analysis for categorical and continuous variables, respectively. In model selection, we considered all predictors in the model, and fitted each product term obtained from predictor variables one at a time. This is important to assess the interaction effects of predictors on the variable of interest. A generalized linear mixed regression model (Quasi-Poisson) analysis was conducted to assess separate parametric estimation for the change of CD4 cell count [14] ; and ordinal logistic regression was employed for separate data analysis of adherence to HAART [26] . The type of covariance structure and the magnitude of residual errors were also considered in model selection. In this regard, the model with the least within individual residual variability was selected.
Multivariate GLMM formulation of joint models
Since the specification of the joint distribution of the two responses is not straight forward, we can have two approaches for the formulation of joint multivariate models. The first approach is based on a conditioning argument that allows joint distribution to factor out in marginal and conditional component, where the conditioning can be done either on discrete or continuous outcome (avoiding direct specification of joint modeling) with introduction of probit approach. This approach does not directly lead to marginal inference, and the correlation between the two outcomes cannot be directly estimated. The second is direct formulation of joint modeling for both response variables with the introduction of Placket-Dale approach (Placket latent variable) assumption for modeling bivariate outcomes [27] .
Instead of using a latent variable approach, one can directly specify the joint distribution for both outcomes through mixed model with specification of the marginal distribution, conditional on the correlated random effect. The generalized linear mixed model (GLMM) forms a very general class of subject-specific model which is used for univariate repeated measures. Joint model can be measured repeatedly over time or may be observed within a hierarchical trend. A GLMM can be easily adapted to situation where various outcomes are observed.
To obtain valid inferences, the joint model could account for the correction among the outcomes and effects of different factors. The joint generalized linear mixed model assumes that each outcome and the univariate models are combined through specification of joint multivariate distribution for all random effects. Furthermore, the mixed model can be applied with specification of marginal distribution, which is conditional on correlated random effect. To assess the association between CD4 cell count change and adherence to HAART for the data obtained at Felege-Hiwot Teaching and Specialized Hospital, the joint generalized linear mixed model was fitted. In this model, the correlation between the two responses is specified through the random effect structure assuming separate random intercept for each outcome and combining them by imposing joint multivariate distribution on the random intercept.
Results
The baseline characteristics of patients included in the analysis indicates that the median age of patients was 36 years old . Of all the patients studied 50.6% were females, 40.1% were living in rural area, 55.2% were living without partners, 52.7% did not disclose the disease to family members living together and only 68.2% had good adherence in the first month treatment. Over 50% of the patients had attended their secondary education and over 50% of them had no cell phone. The average baseline CD4 cell count for all patients was 134 (IQR 113-180) and the average CD4 cell count change for the first month was 15.9 cell/mm 3 . The average CD4 cell count change at all visits varies from 15.9 cells/ mm 3 at the 1st visit to 28 cells/mm 3 at the 23rd visit. The corresponding standard deviations were 18 cells/mm 3 at the first visit and 27 cells/mm 3 at the last visit of the study period. Hence, the distribution at each visit shows that there were over-dispersion (variance > mean), and over-dispersed count response regression models should be considered for marginal analysis of CD4 cell count change data.
To fit the joint models of CD4 cell count change and adherence to HAART, first Quasi-Poisson for CD4 cell count change [14, 28] and ordinal logistic regression model for adherence to HAART data were considered separately [29] . Hence the parameter estimation for marginal models with log and cumulative logit link (Table 1) and conditional independence random-effect models (Table 2) were developed [30] . In addition, the parameter estimation for linear predictor or models which consist of the same variables already identified from GLMM models were developed (Table 3) . Table 1 indicates the separate or joint marginal models for CD4 cell count change and adherence to HAART using Quasi-Poisson regression and ordinal logistic regression. As indicated in the Table 1 , age, weight, initial CD4 cell count and ownership of cell phone significantly affected both outcomes. From the two-way interaction, time * level of education, time * sex, age * sex as well as age * level of education were significant for both outcome variables. The separate models shown in Table 1 were univariate distributions. Table 2 , on the other hand, shows the combination of the separate models by imposing joint multivariate distribution on the random effect. The analysis was done using generalized log likelihood function with Laplace approximation. The conditional independence of random-effect models considered in this analysis shows that the GLMM approach can be extended to multivariate longitudinal data by assuming separate random effect for each outcome and combining them by imposing a joint multivariate distribution on the random effects. The SAS procedure using general loglikelihood function allows one to impose the joint multivariate distribution on the random effects from the two separate models. The results obtained from fitting a joint model for the two response variables of uncorrelated random intercept using the GLIMMIX procedure were used as initial parameter estimates. Table 2 shows the conditional independence random intercept model. As indicated in the Table 2 , patients' age, weight, initial CD4 cell count, visiting time, ownership of cell phone and sex were jointly and significantly associated with both response variables. The same sign in parametric estimation indicates that the two outcomes are positively correlated to each other. Since the conditional independence assumption might be too restrictive, we, therefore, attempted to relax the conditional independence assumption by re-fitting the joint random intercepts model with possible correlated errors. However, the conditional independence approach, which we attempted, failed to converge the model. During this time, introducing conditional dependence of one response in terms of the other using linear predictor is important [31] . This approach is also helpful to validate the observed correlation between the two outcomes emerging from the association of the random intercepts. We fitted a generalized linear mixed model for CD4 cell count change as response variable including adherence to HAART in the linear predictor. The result is presented in Table 3 below. The result indicates that CD4 cell count change is positively correlated (p ≤ 0.0001) with adherence to HAART.
As shown in Table 3 , age, weight, baseline CD4 cell count, visiting times, marital status, sex, residence area, ownership of cell phone, disclosure of the disease to family members and first month adherence have significantly affected CD4 cell count change. Hence, as age of a patient increased by 1 year, the log of change of CD4 cell count decreased by 3.3% cell/mm 3 keeping the other variables constant [ARR = 0.0327, 95% CI (0.0098, 0.0899); p = 0.0264]. As the number of visiting times increased by one unit, the log of change of CD4 cell count increased by 2.4% [ARR = 1.0240, 95% CI (1.0206, 1.0276); p < 0.0001]. The analysis revealed that the rate of change of CD4 cell count for patients without ownership of cell phone was 2.9% less as compared to patients with ownership of cell phone [ARR = 0.0290, 95% CI (0.0172, 0.0870); p < 0.0001]. The log of change of CD4 cell count for patients with fair adherence at a given visiting time was 2.9% less than those patients who had good adherence [ARR = 0.0290133, 95% CI (0.00974, 0.043931); p < 0.0001] and the log of change of CD4 cell count for patients with poor adherence at visiting time, t was 5.7% less than those of good adherent patients [ARR = 0.0573, 95% CI (0.0214, 0.0706); p < 0.0001]. From the two way interaction effects; time * ownership of cell phone, time * sex, time * level of education, age * sex, age * level of education were significantly and jointly affected both responses through linear link (refer Table 3 ).
Interaction effects of ownership of cell phone and visiting times
For a unit increase of visiting time, the rate of change of CD4 cell count for patients without owner of cell phone was 5.2% less than patients with owner of cell phone [ARR = 0.0518, 95% CI (0.0443, 0.0996); p < 0.0001]. Figure 1 indicates that the log of change of CD4 cell count for patients with owner of cell phone was by far better than those patients without cell phone as visiting time increased.
Interaction effect between sex of patients and follow-up visits
As visiting times of adult patients increased by one unit, the log of change of CD4 cell count for female patients was 0.3% greater than male patients [ARR = 1.0027, 95% CI (1.0016, 1.0038); p < 0.0001]. From Fig. 2 , we saw that as visiting time increased, the log of change of CD4 cell count for female patients is greater than that of male patients.
Interaction effect between age and sex of patients
From Table 3 , it is indicated that as age of patients increased by 1 year, the decreasing rate of change of CD4 cell count for female patients was 3.3% less than male patients [ARR = 0.0326, 95% CI (0.0144, 0.0662); p < 0.0001]. Hence, as age of patients increased, the decreasing rate for female patients was less probable as compared to male patients (refer to Fig. 3) .
Interaction effect between level of education and visiting times
As visiting time of patients increased by one unit, the rate of change of CD4 cell count for non-educated patients Similarly comparing primary educated patients with tertiary level, the log of change of CD4 cell count for primary educated patients was 1.2% less than tertiary levels [ARR = 0.0124, 95% CI (0.0044, 0.03662); p < 0.0001] and the log of change of CD4 cell count for secondary educated patients was 0.8% less than tertiary educated patients [ARR = 0.0086, 95% CI (0.0053, 0.0147); p < 0.0001] (refer to Table 3 ). Figure 4 indicates that as visiting time of patients increased, patients with tertiary education perform high log of CD4 cell count change as compared to the other group.
Interaction effect between level of education and age of patients
It is known from the literature that as age of patients increase, the log of change of CD4 cell count decrease. However, the decreasing rate for different level of education was different from the current analysis. Hence as age of a patient increased by 1 year, the decreasing rate of CD4 cell count for non-educated patient was 4.3% greater as compared to tertiary educated patients [ARR = 1.0433, 95% CI (1.0126, 1.0799); p < 0.0001]; the log of change CD4 cell count for primary educated patients was 3.2% greater than tertiary educated patients [ARR = 1.0325, 95% CI (1.0112, 1.0601); p = 0.0015]; and decreasing rate of CD4 cell count for secondary educated patients was 2.3% greater than tertiary educated patients [ARR = 1.0232, 95% CI (1.0093, 0.0594); p < 0.0001]. Figure 5 indicates that as age of patients increase, the decreasing rate of tertiary educated patients was lower than other groups.
Discussion
We have presented a general approach to the joint analysis of two longitudinal response variables assuming their separate analysis. The results in this study indicated that the separate models which did not include patients' specific effects were not significantly different from joint models developed with the assumption of separate analysis. As indicated above the joint models were formed by imposing the joint multivariate distribution of random effect, Hence, the results of both separate and joint analysis were consistent. However, the joint models were simpler as compared to the separate models as their effective member of parameters was smaller. In other words, the reduction of the number of effective parameters ensures that joint models were more parsimonious/less complex in parameter estimation of longitudinal data analysis. This result complies with previous researches [30, 32, 33] . Furthermore, joint models were advantageous for answering multivariate questions at the same time. They also helped assess the correlation between the two response variables and gave ample opportunity to see predictors of the two response variables jointly.
The result in this study indicated that CD4 cell count change and adherence to HAART had been influenced jointly by some of the covariates like age, weight, baseline CD4 cell count, visiting times, sex, ownership of cell phone, first month adherence and level of disclosing the disease to family members and by their interaction effects (refer to Table 3 ). Recent findings from longitudinal study [34] also proved that CD4 cell count change was affected by many of these covariates. This finding suggests that the hospital should advise adult HIV patients to adhere the prescribed medication on time to achieve high CD4 cell count change. Patients, who had cell phone, had more probability to adhere the prescribed medication than patients who had not. This result is supported by another study [17] . Hence alarm of cell phone/memory aids/can be used to remember patients the time for taking pills and visiting health institutions.
As ages of patients increase, CD4 cell count and adherence to HAART decrease. But, the decreasing rate of these response variables for patients with tertiary education is less likely as compared to that of the others. This might occur because as patients become more educated, they may have better care of their health. This result has been supported by previous study [16] . Patients with high initial CD4 cell count adhere the prescribed medication more; and these results in high rate of change of CD4 cell count through time. This result suggests that patients should start their HAART without keeping the cut-off points (200 cell/mm 3 ). This result is supported by previous study [35] on the impact of adherence on CD4 cell count change.
The two responses were higher for urban adult patients than rural areas through time. The reason for this might be the long distance of the rural areas from health institutions, and patients in these areas may come after high destruction of CD4 cells by HIV. There are discordant other findings concerning this. For instance, the result of this study agrees with a previous study [36] . However, another study indicates that rural patients' adherence to HAART is better through time, and this implies that they have better CD4 cell count [37] . Therefore, this issue needs further investigation for reliable information.
Patients who lived with a partner had more probability to adhere the prescribed medication and had high CD4 cell count change as compared to patients who lived without partners. This can be associated with lack of social support for patients living without partner. This result had been supported by former research [17] . The result of this study also indicates that female patients had more probability to adhere the prescribed medication than males, and through time they had achieved high rate of change of CD4 cell count. This result, however, is inconsistent with previous studies [38] .
Limitations
The interactions between variables, which were not expected during the data collection process, were identified during data analysis. The cause for these interaction occurrences was not detected and explained. Adherence to HAART, which was one of the response variables, was measured in pill count technique. This technique had a disadvantage that include patients' switching of medicines between bottles and discarding pills before visits [27] . Despite its limitations, pill count technique has strong linear relationship with viral load [39] . The result in this analysis is true only for adult patients; that is, it may have different outcomes when patients with all ages are considered. This could be a potential area for further investigation.
Conclusions
Longitudinal joint models fitted for the joint data analysis under this investigation. Generalized linear mixed model was extended to multivariate cases in the data analysis process. This had been done using marginal/separate analysis as well as conditional independent random effect models and a random intercept model with correlated residual error structure. Developing joint models has helped validate the observed correlation between the outcomes emerging from the association of intercepts. The result under this investigation indicated that some covariates were significantly associated with the change of CD4 cell count; and the development of joint model for the two responses gave powerful estimation as compared to the separate or marginal model. The result of this study identified a certain group of patients who were with maximum risk of CD4 cell count change, but who had poor adherence performance. This group of patients needs high intervention in counseling and awareness creation. agreed with its submission to AIDS Research and Therapy. We agreed about authorship and order of authors for this manuscript.
